Introduction
Nowadays, many maritime law infringements dealing with vessels and cargo (or trading) ships involve (i) the irregular transit of this kind of ships through areas where their presence is absolutely restricted or, alternatively, and (ii) their berthing, mooring, loading, and/or unloading in areas not conceived for this purpose. For example, (a) the transit of cruises and other recreational crafts can lead to severe environmental damage, and thus, it is forbidden in protected sea environments (e.g., the surroundings of Cozumel island); and (b) the transit, berthing, mooring, loading, and/or unloading of vessels and/or trading and cargo ships in sea recreational areas is usually associated with shipping black market transactions. erefore, a number of maritime security procedures have to be implemented, in order to prevent this kind of irregularities from happening whenever possible and, when not possible, to immediately detect and stop them.
So far, current maritime security procedures have relied mainly on humans (i.e., coast guards). However, maritime law infringements can be pervasive, the areas to control are immense, and suitable human and transportation resources to fight them are usually scarce. us, human-based maritime security procedures are being proven insufficient in order to take these irregularities under control. For this reason, there is currently an increasing need for the deployment of some additional (semi-)automatic procedures that can supplement them and eventually ensure maritime protection at least in the most problematic areas.
One of the additional procedures that can and may be developed towards detecting ship transit irregularities is to analyze (semi-)automatically some images taken by one or more satellites of certain maritime zones. In fact, it is globally accepted that "satellite (. . .) observation services are indispensable in any effective, modern maritime monitoring system. Satellite image data are essential to ensure continuous maritime monitoring" [1] . In this case, the main goal of image analysis is to detect when a given kind of ship is in an irregular (or restricted) area. is main goal can be decomposed in three different subgoals or problems, namely, (1) identifying the kind of ship in question, that is, classifying the ship; (2) identifying the type of area in which it is located; and (3) checking if the ship is transiting an allowed or forbidden area for its kind.
is paper presents Ship-SIBISCaS, a prototype system that has served as a proof of concept and as a first attempt towards solving subgoal (1), i.e., towards classifying a ship located in an area of interest. Ship-SIBISCaS is a hybrid text and image retrieval system that allows classifying a ship by means of two different types of inputs, that is, (a) a text defining and/or describing it or (b) an image depicting it.
e outputs of the system are both the class to which the ship belongs and the ships in its image database that are most similar to (or, ideally, match) the input text or image associated to it. is retrieval system comprises both a software and a hardware subsystem. On one hand, the Ship-SIBISCaS software subsystem has been built around an instance of the Latent Semantic Analysis (LSA) algorithm, particularly trained for this purpose. On the other hand, its hardware subsystem is a heterogeneous, parallel hardware architecture (i.e., consisting of both CPUs and GPUs) previously developed [2] , but conveniently customized to suit this new use case.
As shown by the results of the experiments carried out with the Ship-SIBISCaS system, (1) applying the LSA algorithm to solve this problem helped avoiding the disadvantages of some previous approaches to image matching and/or retrieval, while attaining a satisfactory level of precision and recall, whereas (2) reusing the heterogeneous, parallel hardware architecture allowed speeding-up the execution of the LSA algorithm and achieving a (nearly) real-time response of the system when it is queried. e rest of the paper describes mainly the construction of the system and the experiments carried out in order to evaluate it. It has been organized as follows. Firstly, Section 2 provides an overview of the related works. Secondly, Section 3 presents how the Ship-SIBISCaS system was designed in order to retrieve ship images, commenting also its main design issues and requirements. irdly, Section 4 describes the most relevant details of its development and the experiments performed to test and evaluate it. Fourthly, Section 5 shows the results of these experiments. Finally, Section 6 summarizes the conclusions drawn from this work.
Related Works
In the last years, more and more ship and/or vessel data have been generated, shared, and made available online. ese ship data are represented as text, image, audio, or video in different formats. In particular, the number of private or public ship digital image collections is rapidly increasing.
ese image data and collections are currently being used, e.g., in the field of visual information processing, to provide robust models for many types of image processing, such as ship recognition and classification.
A neural network is a classifier that needs a previous training to predict the class to which an object (an image, in this case) belongs. e main disadvantage of neural networks is that their training often fails due to the existence of a local optimum [3] . Nevertheless, when they can be trained, they often get good results as for precision. In any case, the neural network approach did not fulfill this task requirements. In effect, in addition to training the model for classification, it was required that the algorithm added to images their semantic description.
is allowed enriching their associated information and enabled further and enhanced postprocessing. erefore, neural networks had to be discarded for this research.
Smeulders et al. [4] propose new directions for researchers in this particular field. One of them is how to identify the image features (i) that suitably represent the meaning of an image; (ii) that can label the image to describe it appropriately; and (iii) that can be used to retrieve the image when necessary. e research field dealing with this kind of problems is known as Content-Based Image Retrieval (CBIR). One of the main problems that CBIR researchers have to face is what they refer to as the semantic gap. In this context, the semantic gap can be defined as "the lack of coincidence between the information that one can extract from the visual data and the interpretation" that a particular user makes "of the same data (. . .) in a given situation."
To reduce this semantic gap, several works have been carried out so far [5] [6] [7] [8] . As shown by these works, there are two main types of features that can be used to characterize and retrieve images, namely, visual and textual features. On the one hand, images can be retrieved by means of their visual features, such as color, shape, or texture [9] [10] [11] . On the other hand, images can be retrieved by means of their textual features (that is, features of the text describing them) such as keywords, tags, captions, and annotations [12] [13] [14] .
Besides, other works in this area have already shown that using only one type of feature may result in poor outcomes. For instance, some authors report that using exclusively visual features does not help describe the full semantics of an image [15] . In addition, some other authors have proven that CBIR systems based just on textual features or on visual features often yield irrelevant results [16, 17] since the quality of image textual descriptions depends on (a) the skills of the people who write them (for instance, their knowledge, intelligence, experience, and lexicon) and (b) the different potential interpretations that an image may have.
Fortunately, the Latent Semantic Analysis (LSA) method has successfully overcome the problem of text retrieval, for 2 Scientific Programming texts with a conceptual content [18] . Furthermore, the LSA method has also been used to retrieve images with quite promising results [17, 19, 20, 21] . However, the computational complexity and the memory requirements of the LSA method have been shown to be extremely high over the years [22] [23] [24] , especially when its Singular Value Decomposition (SVD) process is considered. Besides, image similarity assessment and/or image matching are high time-consuming tasks too, due to the high computational cost of their associated indexing and retrieval processes. us far, this extremely high complexity has made it almost impossible to apply LSA to image retrieval over large image collections, due to memory restrictions.
erefore, it would be most useful to provide a solution to this complexity problem, thus enabling the execution of LSA over image collections of any size.
Some of the most recent works in the areas mentioned above deserve some special attention, due to their relevance with respect to the present work. ey are the following: Hence, the experiment showed that the task of object detection using both text and visual data achieved a very low rate of false positives (less than 1%) [16] .
In particular, the present work is most similar to [12] because it also uses (i) semantics and classification according to definitions (though Wikipedia and WordNet were used in our case instead) and also (ii) collaborative tagging of the ship images, in order to enrich their semantics. However, this work combines LSA and parallel processing in order to accelerate the computation of the processes involved. As with [17] , this helps overcome the deficiencies of applying the LSA algorithm on large-scale datasets, but in a more robust and general way.
Design Issues and Requirements of the Ship
Semantic Information-Based, Image Similarity Calculation System (ShipSIBISCaS)
As previously introduced, this paper presents a Ship Semantic Information-Based, Image Similarity Calculation System (Ship-SIBISCaS) that applies the LSA algorithm to image retrieval and provides a solution to overcome the complexity problem of this algorithm when run over large image collections. e main objective of Ship-SIBISCaS is, thus, to retrieve the ships in a collection related to a specific kind of ship in order to (i) calculate their similarity and (ii) enable the classification of a particular query ship with the aid of the similar ships retrieved. e results obtained with this first prototype of Ship-SIBISCaS will be applied in the future to try and ensure maritime security (semi-) automatically. e development of Ship-SIBISCaS has had to face two main challenges, namely, (1) the generation of its knowledge base with a convenient image dataset as input and its enrichment by linking the images to some appropriate text and/or semantic features, and (2) learning semantic information about these images from the text and/or features linked to them. An overview of the processes used in the Ship-SIBISCaS is shown in Figure 1 .
Generating and Enriching the Knowledge Base: Image Dataset Acquisition and Text and/or Semantic Feature
Linking. One of the most important requirements for training a machine-learning algorithm is to use accurate data Scientific Programmingas input. Indeed, if the machine-learning algorithm processes ambiguous or incorrect images when being trained, then it will, for instance, associate incorrect textual information to images. For this reason, when the ShipSIBISCaS system was designed it was decided (a) to populate its knowledge base with a ship image dataset conveniently cleaned in order to reduce the noise and (b) to have this ship image dataset enriched by associating textual features to the ship images. It was devised also that this should be performed by means of the following four stages: (1) image dataset crawling, (2) collaborative tagging, (3) linking, and (4) cleaning.
Image Dataset Crawling.
e input dataset for the population of the knowledge base had to be ImageNet [26] . In ImageNet, each node of the hierarchy is composed of hundreds or thousands of images that could allow ShipSIBISCaS image dataset to be built. Towards this aim, only the ImageNet nodes corresponding to ships would have to be selected and incorporated into the knowledge base of Ship-SIBISCaS.
e knowledge base would have to be enriched afterwards by extracting from WordNet (WordNet ® , https://wordnet.princeton.edu) the lexical features associated to its images.
Collaborative
Tagging. An online collaborative tagging system (http://cloudcomputing.ups.edu.ec/ImageTagProject) would have to be built in order to attach some annotations to the images in the database. By using this tagging system, a human annotator could associate a ship image with one or more tags, which should describe as faithfully as possible the type of ship depicted in the image. is information would be saved in a structured database within the knowledge base containing the identifier of the image (ID), its name, its URL, its category, and a tag for the image, among other information related to the ship collaborative tagging system.
Linking.
e information stored in the structured database would then be used to obtain further tagging associations between an image and one or more tags. en, a web search engine would have to be developed and applied to crawl the World Wide Web in order to attach some textual information to the ship image-tags relations. is textual information, in general, would consist of definitions or descriptions of the type of ship depicted in the image (as detailed in the image tag).
Cleaning.
e textual information gathered by the web search engine would then be automatically cleaned in order to remove all unnecessary noisy paragraphs and characters and to obtain thus a clean knowledge base for the ShipSIBISCaS system. Hence, the knowledge base would consist of text documents, where the file name of each document should correspond to the file name of the image, and its image-tags relations.
is knowledge base would be used afterwards to train a semantic space within the Ship-SIBISCaS system. Figure 2 shows how Ship-SIBISCaS can generate and enrich the knowledge base with the textual information associated to the ship image dataset.
How to Learn Semantic
Information with the ShipSIBISCaS LSA Algorithm. As already mentioned in Section 1, to train Ship-SIBISCaS and retrieve ship images from its knowledge base, an existing heterogeneous latent semantic analysis (hLSA) system [2] had to be reused to implement a data-intensive instance of the LSA algorithm. is hLSA system uses heterogeneous architectures (that is, including both CPUs and GPUs) in order to accelerate the execution of the LSA method, especially to enable it to run on large-scale datasets. It has been developed using (i) GPU computing to solve faster large numerical problems by means of the thousands of concurrent threads on the multiple CUDA core multiprocessors and (ii) multi-CPU computing to solve faster text problems via their shared memory-programming model in a multiprocessing environment.
e hLSA system can train a knowledge base and retrieve information in less than two minutes for a collection of 5,000 documents or, equivalently, a term-document matrix containing one hundred and fifty thousand million values. us, the hLSA system has been used in Ship-SIBISCaS to train the knowledge base and to retrieve similar ship images in realtime. Table 1 shows the acceleration attained by the hLSA system when compared to the classical LSA system using 5000 input documents, two weighting schemes (namely, Log Entropy and TF-IDF), and a reduction to k � 300 dimensions for the three use cases presented in [2] . e hLSA system is divided into three main stages, as shown in Figure 3 . e first stage creates the semantic space, the second stage reduces conveniently its dimensionality (that is, the k value), and the third stage retrieves the requested information from the semantic space associated to the database.
Semantic Space Creation.
e hLSA system preprocesses the text in order to remove any remaining strange characters, blank spaces, and common words (stopwords) from the text document knowledge base. en, the hLSA system generates a term-document matrix where each entry indicates the frequency of a given term in a given document.
e generation of this term-document matrix has a high computational cost due to the large amounts of text included in the knowledge base. us, the hLSA system implements a parallel data-intensive algorithm that shares the memory in the multi-CPU architecture. is is done in order to reduce the processing time required to index and construct the term-document matrix.
Dimensionality Reduction.
e resulting termdocument matrix is fairly large, and it is populated mostly with zeros. erefore, it needs to be, respectively, reduced and normalized. To normalize it, the hLSA system utilizes well-known term-weighting metrics, such as the logarithmic local number (Log Entropy) and the term frequency-inverse document frequency (TF-IDF) formula. To reduce the normalized matrix, the hLSA system uses instead a truncated Singular Value Decomposition (SVD) of the matrix to reflect its major associative patterns in a smaller number of dimensions (characterized by the k value, that is, the number of resulting rows or columns in the reduced matrix). e SVD algorithm has a high computational cost for large matrices, and therefore the hLSA system implements a parallel data-intensive SVD algorithm using the benefits of GPU architectures to accelerate its calculation.
Information Retrieval.
e two stages above are used to learn to calculate similarity measures and classify images from the knowledge base in order to obtain a reduced semantic space. en, the similarity values are ranked in a descending order, where the most similar documents have the highest values and the least relevant documents have the lowest values.
erefore, a supervised learning model is developed in order to retrieve ship images that are relevant for a user query. e hLSA system compares each document vector in the term-document matrix with the user query vector. Additionally, the hLSA system presents the relevant images and documents (texts) in a graphic user interface as shown in Figure 4 .
Details of Development of Ship-SIBISCaS and Experiments Carried Out So Far
is section describes in detail, firstly, the most relevant issues in the development of the main design components of the Ship-SIBISCaS system (described in Section 3) and, secondly, the experiments carried out so far in order to test and evaluate it.
To start with, the most relevant details in the development of Ship-SIBISCaS are discussed below, namely, (1) how the ship image dataset was acquired, (2) how the tagset to annotate the ship image was determined, (3) how the ship images were collaboratively tagged, (4) how the knowledge base was enriched by linking the images to suitable texts, (5) how the semantic space associated to the knowledge base was trained, and (6) how similar images are retrieved from the trained semantic space.
(1) Image dataset acquisition. It was decided to use the ImageNet database as main input [26] to test and evaluate this first prototype of Ship-SIBISCaS. ImageNet consists of nodes that have been organized following the structure provided by WordNet noun synsets and their corresponding hierarchical relationships. us, in this database, each node contains hundreds or thousands of images whose content can be described by the representative noun of a WordNet synset. erefore, the database has more than 100,000 nodes and has an approximately 14 million images. ImageNet provides around 1,000 images per synset that are quality-controlled and human-annotated. In order to create and generate the knowledge base of Ship-SIBISCaS, only the ship Scientific Programmingcollection of images was extracted from ImageNet.
is collection is defined as "a vessel that carries passengers or freight," and contains 78 child synsets, such as abandoned ship, cargo ship, cargo vessel, hospital ship, passenger ship, and transport ship, among others. e ship collection comprises a total of 1,261 images. Figure 5 shows a part of the taxonomy and some images related to this ship image collection. (2) Tagset determination. Still, the number of nouns that could be used to tag (that is, to classify) ship images was far too large. In order to reduce the number of the tags to be eventually used for this purpose, an online collaborative tagging system was developed. e main aim of this system was to determine which are the most frequently used and/or most useful WordNet nouns for describing these ship images.
en, this collaborative system was used by a set of human annotators (referred to as a focus group here), and it was found out that only 43 terms were required to tag and classify the ships depicted in the ImageNet ship image collection. ese 43 tags (the Ship-SIBISCaS tagset) are shown in Table 2 . (3) Collaborative tagging. en, the online collaborative tagging system was retargeted to annotate the images in the Ship-SIBISCaS knowledge base using the Scientific Programmingtagged the images according to their knowledge of the eld and, therefore, their corresponding associations (tags) for an image can coincide or not. As a result, at least 711 images were associated with a single tag and at least 550 images were associated with more than one tag. (4) Linking. e Ship-SIBISCaS system was used then to link the image by means of its corresponding tags to some suitable text descriptions. is was achieved by means of its web-based search engine, which uses a set of web services to nd the textual information to be linked to an image via its associated tag(s). In particular, this engine was used to obtain textual information from Wikipedia (Wikipedia (http://wikipedia.com) is a wellknown online free encyclopedia) through its API (Application Programming Interface). Also, the web-based search engine enriched the knowledge base with further semantic information, such as descriptions.
e le name of each document in the knowledge base corresponds to the name of the image to which it is linked, and it contains some relevant textual information for each image-tag association.
(5) Semantic space (LSA) training. e knowledge base, enriched with the image tags and the image textual information and/or descriptions, was then used as input to train the hLSA system described in the previous section. As commented, the hLSA system reduces the dimensionality of the matrix A (or, equivalently, of the semantic space) by using a truncated SVD of A in order to re ect its major associative patterns and ignore the smaller, less important in uences. It restricts the dimensionality of matrix A to its rst k dimensions, where k must be smaller than the minimum among the total number of terms and documents, that is, k < min (terms, documents). e number of dimensions k was equal to 50. e execution time obtained for this process was 8 seconds. (6) Retrieving similar images. e system uses the cosine measure in order to obtain the similarity between an image vector of the trained semantic space and a query vector. Ship-SIBISCaS retrieves similar images for an image query or for a text query. For image queries, it uses an indexed image of the trained semantic space as a query, and for the text query, it uses the tag descriptions presented in Table 2 . e 8 Scienti c Programming method compares all the vectors of the trained semantic space with the query vector. As a result, the five images with the highest similarity values are retrieved. e execution time obtained for this process varies depending on the semantic information of the query. Execution times of 10 to 30 seconds were obtained in the case of image queries and of 100 to 300 milliseconds in the case of the text queries. Figure 6 shows five image queries and their most similar images in the trained semantic space. Besides, Figure 7 shows five text queries and the most similar images retrieved for them from the semantic space.
Results
First, we present the results from collaborative tagging process, followed by the size metrics associated to the ImageNet sample used in our experiments. en, we show an estimation of the performance of Ship-SIBISCaS by means of the usual precision and recall measures. Finally, we detail the results of the system concerning its execution times. Hence, firstly, the results concerning the collaborative tagging process for each ship tag (or category) are shown in Figure 8 .
As shown in Table 3 , we found a total of 15,921 unique words in the knowledge base. erefore, the index process of the knowledge base generated a term-document matrix A with 15,921 terms. is index process was performed for 1,261 documents. It should be remarked that the matrix A was populated mostly by zeros. us, we normalized the matrix A by using the term-weighting scheme known as Term Frequency-Inverse Document Frequency (TF-IDF). e final total number of values in the matrix A is 20,076,381, which corresponds to 161 megabytes. is process was executed in 9.5 seconds.
Secondly, the size metrics associated to the ImageNet sample used in our experiments are shown in Table 3 , where the number of unique words is 15,921.
irdly, we show an estimation of the performance of Ship-SIBISCaS by means of the usual precision and recall measures. Basically, precision values give information about the effectiveness of the system, whereas recall values provide some information as for the coverage of the system, as shown in Table 4 . For example, the text query for "yacht" returned some false-positives because the associated tag description was incorrect, with a precision of 2%. However, the image query process uses a better description for container ships, and their associated answers get an average precision of 87%.
Lastly, the results concerning the execution times associated to the matrix reduction process and the retrieval of ship images based on semantic information are shown in Figure 9 .
To conclude the description of the experiments, it must be said that the Ship-SIBISCaS software subsystem has been tested on a GPU configuration with a global memory of 3064 MBytes and a clock speed of 2.5 GHz. Also, the maximum number of threads per multiprocessor is 2048 and the maximum number of threads per block is 1028. e GPU maximum dimension size of a thread block is (1024, 1024, 64) in the (x, y, z) dimensions.
Conclusions
is paper has introduced a Ship Semantic InformationBased, Image Similarity Calculation System (Ship-SIBISCaS) that helps classifying a ship depicted in an image. is classification is regarded here as a proof of concept and a first step towards the (semi-)automatic identification of maritime flow irregularities and, thus, as a potentially most helpful mechanism to ensure maritime security.
To achieve this goal, firstly, the ship-related image dataset of the ImageNet database was extracted and loaded into the knowledge base around which the system has been built.
is ship image dataset comprised 1,261 images of different ship categories.
Secondly, the ship images in this dataset have been annotated by means of an online collaborative tagging system developed on purpose. is has helped make explicit 2,320 associations between ship images and annotations. Images retrieved from the trained semantic space irdly, the semantic reasoner of Ship-SIBISCaS has gathered some textual information related to the ship imagetag associations in order to enrich the knowledge base with text descriptions.
Fourthly, an accelerated data-intensive algorithm (hLSA) has been used to train the system by learning the semantics of these text descriptions associated to the ship images.
Finally, the trained system has been successfully applied in some experiments (i) to classify the input ship (which can either be depicted in an image, or be described by means of some text); and (ii) to retrieve images of similar ships from the knowledge base. On the one hand, when the query consists of a ship image, the system can provide an answer in 10-30 seconds. On the other hand, when the query consists of some textual description of the ship, the system can answer in only 100-300 milliseconds, due to the different types of semantic information applied by the reasoner in each case. Indeed, for the image query, Ship-SIBISCaS uses an indexed image, whereas a semantic description is used for the text query.
ese experiments have also helped prove the following: Concerning the system performance, it took 17.5 seconds to train the model with the 1,261 input elements (ships).
e resulting term-document matrix contains 20,076,381 values and has a size of 161 megabytes. Besides, more specifically, it took 9.5 seconds to execute the indexing phase and 8 seconds (averagely) to retrieve the answers (with k � 50 dimensions).
To conclude, as for the quality of the answers provided by the system, they may be described as satisfactory, but improvable. On the one hand, a recall of 100% has been obtained in the two experiments carried out with Ship-SIBISCaS. On the other hand, the Ship-SIBISCaS precision values have ranged from 2% to 92%. Most remarkably, the image similarity algorithm has had a better precision with image queries than with text queries. For instance, the container ship achieved 92% precision with image querying vs. 83% precision with text querying. However, Ship-SIBISCaS retrieves false-positives for text queries due to the noise associated to the image collaborative tagging process. In effect, some annotators annotated the same image differently (even wrongly), depending on their corresponding interpretation of the image, which was used later on to tag it and make its semantics explicit.
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